Our ability to adapt to extreme weather is increasingly relevant as the frequency and intensity of these events alters due to climate change. It is important to understand the effectiveness of adaptation given the uncertainty associated with future climate events. However, there has been little analysis of short-term adaptation efforts. We propose a novel approach of using errors from hurricane forecasts to evaluate short-term hurricane damage mitigation efforts. We construct a statistical model of damages for all hurricanes to strike the continental United States since 1955. While we allow for many possible drivers of damages, using model selection methods we find that a small subset explains most of the variation. We also find evidence supporting short-term adaptation effects prior to a hurricane landfall. Our results show that the 67 percent improvement in hurricane forecasts over the past 60 years is associated with damages being 16-63 percent lower than they otherwise would have been.
Introduction
Tropical cyclones, also commonly known as hurricanes or typhoons, are extremely powerful and destructive natural events that occur intermittently around the globe. They are amongst the most destructive and deadly climate disasters. Tropical cyclones account for six of the top ten costliest weather and climate disasters in the United States since 1980 1 and two of the top five costliest global natural disasters over the same period. 2 Tropical cyclones are an intrinsic part of the climate system. Emanuel (2001 Emanuel ( , 2005a illustrates the important role that they play in mixing different oceans layers to help distribute heat and energy. Large air-sea surface temperature differentials give rise to and help fuel tropical cyclones. There is also a link between the prevalence of greenhouse gases and tropical cyclones. Sobel et al. (2016) find that while aerosol cooling helps to limit hurricane intensity, warming from greenhouse gases increases the potential intensity of hurricanes. Thus, hurricanes both influence and are influenced by the climate; see Knutson et al. (2010) .
It is important to understand the socioeconomic impact of hurricanes given their destructive nature and that both the frequency and intensity of these storms is closely tied to changes in the climate (see Burke et al., 2016) . While there is a large literature on both the direct and the broader economic impact of hurricanes, there is mixed evidence for the effectiveness of mediumto long-term damage mitigation efforts. This is particularly true for the United States; see Hsiang and Narita (2012) , Bakkensen and Mendelsohn (2016) , and Davlasheridze et al. (2017) .
We extend the literature by focusing on short-term damage mitigation. This includes temporary efforts to relocate vulnerable assets or minimize their damage. Short-horizon forecast errors are used to assess the effectiveness of these efforts. We construct a statistical model of hurricane damages for all hurricanes to strike the United States in the past 60 years that captures existing explanations for hurricane damages while allowing for additional determinants.
The model is simplified using general-to-specific (GETS) methods to limit information loss. We find that a small subset of drivers explains much of the variation in hurricane damages. We also find evidence of short-term adaptation effects up to 12 hours prior to a hurricane landfall.
The paper is structured as follows: The next section explores drivers of hurricane damages.
Section 3 explores the link between hurricane forecast errors and damages and how they can be used to identify short-term adaptation. Section 4 describes the data used, while section 5 explains the theoretical and statistical methods. Section 6 presents the results for the model of damages and compares its performance with existing models. Section 7 assesses whether short-term adaptation efforts are identified. Section 8 concludes.
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Determinants of Hurricane Damages
Extensive work exists on modeling the impact of hurricanes both in terms of damages and fatalities. While these studies span a broad literature, the determinants of hurricane impacts can roughly be broken down into three different categories: (1) natural and climate forces, (2) socioeconomic and demographic developments and (3) behavioral responses. This section examines each of these determinants and summarizes the previous findings.
Natural and climate forces are the main determinants of damages. Models of hurricane damages typically include maximum wind speeds as the primary driver of damages; see Nordhaus (2010) , Strobl (2011) , and Murnane and Elsner (2012) . However, wind speed is an imperfect proxy of storm intensity. It suffers from measurement errors (see Zhai and Jiang, 2014) and is an insufficient proxy for damages due to storm surges and waves; see Powell and Reinhold (2007) .
An alternative measure of storm intensity is minimum central pressure, which is effectively an integral of wind speed over time making it is less susceptible to measurement error and providing a measure of storm strength; see Chavas et al. (2017) .
Several studies examine the relationship between the climate / environment and hurricane damages. Some focus on geographical features of the strike location (see Costanza et al., 2008 , while others focus on the impact of longer-term trends such as climate change or the ENSO cycle (e.g. Emanuel, 2005b and Estrada et al., 2015) . They are generally interested in the drivers of storm intensity and how natural vulnerabilities influence damages.
Other determinants of damages are socioeconomic and demographic developments. These include changes in prices, populations, and incomes, as well as specific measures to mitigate losses. One of the first studies to systematically account for socioeconomic developments was Pielke Jr and Landsea (1998) . They normalize hurricane damages using prices, population and capital stock. Collins and Lowe (2001) build on that framework by using local housing units instead of capital stock, while Pielke Jr et al. (2008) compare the two approaches. Others argue that normalizing by income is sufficient; see Neumayer and Barthel (2011) . While these studies do not examine the effect of socioeconomic developments, they recognize that there is an association between these developments and damages.
The last major determinants of impacts are behavioral responses. While the literature associated with behavioral responses and impacts focuses primarily on fatalities and hurricane evacuation decisions, it is feasible that these issues could have a broader relevance to damages.
The literature focuses on a multitude of factors with mixed results. 3 More recently, the focus is on the link between socioeconomic developments and damages.
3 For example, see Whitehead (2003) , Solís et al. (2010) , Jung et al. (2014) and Mozumder and Vásquez (2015) .
Specifically, there is an interest in medium-to long-term socioeconomic adaptation. This is captured either through incomes 4 , or through specific efforts such as building codes or mitigation expenditures; see Dehring and Halek (2013) and Davlasheridze et al. (2017) . However, there has been no assessment of the effectiveness of short-term strategies.
Given the determinants of hurricane damages, the question that we seek to address is whether short-term adaptation efforts can mitigate damages. While it is not possible to directly observe these efforts, it is possible to proxy for them. In particular, we use forecast errors as a proxy to identify any effect. The use of forecast errors for identification has a rich history in economics.
See in particular Romer and Romer (2004) and Blanchard and Leigh (2013) . Shrader (2017) provides a recent example of how forecast errors can be used to identify adaptation to environmental risks. To ensure that we actually identify short-term adaptation efforts, it is necessary to discuss the links between forecast uncertainty and hurricane damages more broadly. The next section establishes a framework for these links.
Damages and forecast uncertainty, is there a link?
Past analyses of hurricane forecast uncertainty focus primarily on the link with evacuation decisions. However, some work has been done on the link with hurricane damages in the longerterm. Letson et al. (2007) identify a trade-off between improvements in medium-term (i.e. seasonal) forecasts and adaptation efforts. They argue that improved forecasts result in higher damages as people move into high risk locations due to a declining risk of fatalities. Sadowski and Sutter (2005) claim to test this relationship by showing that the declining lethality of hurricanes is correlated with an increase in hurricane damages.
We focus instead on the relationship between forecast errors and damages in the short-term.
We allow for three channels through which this relationship may occur: (1) behavioral responses, (2) natural variability and (3) longer-term adaptation. Figure 3 .1 presents an overview of the channels. The rest of the section provides a description of these channels.
Behavioral decisions are the most studied link between forecast uncertainty and hurricane impacts. Uncertainty about the location and strength of the storm is associated with fewer people evacuating and results in higher casualties and costs; see Baker (1991) and Lazo et al. (2015) . Higher uncertainty can also result in "false", unnecessary, or delayed evacuations, which increases total costs; see Regnier (2008) and Czajkowski (2011) . Forecast errors from previous storms may also impact behavioral decisions for future storms. However, there is little evidence to suggest this actually occurs; see Dow and Cutter (1998) and Zhang et al. (2007) .
Given that forecast uncertainty is associated with hurricane evacuation decisions, it may also 4 See Kellenberg and Mobarak (2008) , Bakkensen and Mendelsohn (2016) and Geiger et al. (2016) Figure 3 .1: Channels Linking Short-term Forecast Errors and Damages be linked with other behavioral decisions. Specifically, forecast uncertainty may be associated with efforts to mitigate storm damages. For example, the earlier households and businesses are notified about an incoming hurricane, the more likely they can mitigate damages before they evacuate. In the context of short-term forecasts that are up to five-days ahead, these measures could include boarding up windows, piling up sandbags and moving mobile assets out of the storm's path. Although the impact of these measures is likely small, particularly for a direct hurricane strike, the fact that people undertake them suggests that there is some benefit. While there is no direct analysis of this link for hurricanes, support for this channel is found within the literature on damages from flooding; see Carsell et al. (2004) .
Forecast uncertainty may also be indirectly associated with hurricane damages. Uncertainty could proxy for the natural variability of the storm. A storm that exhibits volatile characteristics may be difficult to forecast and for the same reasons cause more damage. However, in this sense, a poor forecast does not relate directly to higher damages. For example, the rapid intensification of a hurricane just prior to landfall is difficult to forecast and is also associated with increased damages; see Elsberry et al. (2007) and Kaplan et al. (2010) . Furthermore, a slow moving storm results in higher overall rainfall and therefore increased flooding and damages and can also be forecast poorly. 5 For example, Harvey [2017] experienced rapid intensification in its initial buildup and then became slow moving once it made landfall. In either case, changes in storm dynamics are associated with increased forecast errors and higher damages. Thus, the relationship between forecast errors and damages is moderated by changes in the storm's dynamics. These dynamics need to be controlled for in order to assess whether there is a direct link between forecast uncertainty and damages.
Another potential indirect link is through spending to mitigate hurricane damages. Adaptation efforts often go hand-in-hand with efforts to improve hurricane forecasts. The effectiveness 5 Forecasts of hurricane rainfall often rely on hurricane track forecasts. See Kidder et al. (2005) .
of longer-term damage mitigation efforts could therefore be correlated with improved forecasts.
The operation of this channel relies on the simultaneous gradual improvement of forecasts as well as increased adaptation expenditures. In order to control for this channel, longer-term adaptation efforts need to be accounted for.
Our aim is to assess the existence of a (direct or indirect) link between hurricane damages and short-term forecast uncertainty. Once existence is established, then we can identify whether the short-term adaptation channel is operative. We first develop a statistical model of hurricane damages through which any forecast uncertainty channel can operate. The next section describes the data before the methods and results are discussed.
Data
We examine the impact of hurricanes in the Atlantic basin of the continental United States of America. While data on U.S. hurricane strikes dates back to the 1850's, we focus on hurricane strikes since 1955 for which a continuous database of hurricane forecasts exists. This section describes the number of hurricanes included in the analysis. Section 4.2 then describes the hurricane damage data used and how it compares with other commonly used sources. Section 4.3 describes which forecasts are used, where they are from and how the forecast errors are computed. The rest of the section describes additional variables used in the analysis.
Land-falling Hurricanes and Strikes
The hurricane research division of the U.S. National Oceanic and Atmospheric Administration (NOAA) maintains a list of every storm with hurricane force winds to make landfall in the continental United States since 1851. 192 Atlantic hurricanes struck the U.S. between 1900 and 2015. 6 Of these strikes, 88 occurred between 1955 and 2015. Accounting for the fact that some hurricanes struck in multiple locations, i.e. Katrina [2005] first struck the Florida panhandle and then moved into the Gulf and struck Louisiana several days later, there were 101 hurricane strikes between 1955 and 2015.
Hurricane Damages
Hurricane damages have been extensively studied for all U.S. land-falling hurricanes since 1900. Pielke Jr and Landsea (1998) was one of the first studies to compile comprehensive data on hurricane damages since 1900. Their analysis draws on estimates from annual publications of hurricane season reports which also contain data on fatalities and storm characteristics. Pielke Jr et al. (2008) The difficulty associated with using many of these sources is that they do not extend all the way back to 1955 nor do they represent the most up-to-date estimates of hurricane damages.
Furthermore, given that we treat each of the individual strikes associated with a given hurricane separately, most of the prior datasets are not directly useful. As a result, we build our own dataset of direct hurricane strike damages since 1955.
Damage estimates are collated for each strike using multiple sources. The primary historical source follows the approach by Pielke Jr et al. (2008) and ICAT in using the annual Atlantic
Hurricane Season reports . 10 This was supplemented and updated with up-to-date data from individual tropical cyclone reports . 11 The data was updated using the most recent data on the costliest storms provided by NOAA's hurricane research division. 12
The resulting dataset on hurricane damages is generally comparable to previous datasets. Note: All external datasets are expressed relative to the current dataset. Dif is caclulated by taking the external damage estimate and subtracting the current damage estimate. The figures are in nominal millions of U.S. dollars. % dif is computed by dividing dif by the current damage estimate to get a percentage difference. Thus, a positive number implies that the external source had a higher estimate, whereas a negative number implies that the current damage estimate are higher. Corr represents the correlation between the current data source and the external data. Similar represents the share of observations for which differences between the current and the external damage estimates are less than $1 million. 
Hurricane Forecasts, Actuals and Errors
There is a long history of hurricane forecasting in the United States. Hurricane forecasts have been provided by the U.S. government since the 1850's; see Sheets (1990) While forecasts are generally available at 6-hour intervals across the entire life of the storm, they are not all necessarily relevant to the impact of the hurricane. This is especially true when some hurricanes are active for over a month and transverse the entire Atlantic ocean. In order to focus only on those forecasts that are most likely to be associated with the impact of the hurricane, forecasts are re-labeled in terms of X-hours before landfall.
The timing of the hurricane landfall is rounded to the closest point in a 6 hour window. This simplification is necessary since forecasts and observations are generally only available at 6 hour intervals. Thus, if a hurricane made landfall at 16:00 UTC then the closest observation/forecast to that point is 18:00 UTC. Then, 12 hours are subtracted from the landfall time to get the time that the 12-hour-ahead landfall hurricane forecast for a given storm was generated (i.e 06:00 UTC). Subtracting an additional 12 hours gives the time at which the 24-hour-ahead landfall hurricane forecast was generated (i.e. 18:00 UTC the previous day). This step is repeated back to the 120-hour-ahead landfall hurricane forecast.
We focus on the 12-hour-ahead landfall forecasts because they are available for most hurricane strikes. 13 Longer horizons are not always available either because the storm had a short prestrike lifespan or because they were not yet produced in that year. Thus, longer horizons are used to assess the robustness of the relationship.
The actual track for a given hurricane is also stored within ATCF and represents the best estimate of the hurricane. These actual values are more commonly known as being part of the hurricane database (HURDAT), which has data on hurricanes going back to 1851. NOAA's Hurricane Research Division (HRD) also maintains a database of best track estimates and reanalyses of hurricanes (known as HURDAT2). While data from both sources is available for all hurricanes in the sample, we use HURDAT2 since it is the most up-to-date source. 14 13 The ATCF system does not have forecasts for all landfalling hurricanes from 1955-2015. In particular, forecasts are not available for Debra [1959] and Ethel [1960] , which is likely due to their short duration. 14 For the purposes of our analysis, both sources are effectively identical. Note: Errors are computed using Vincenty (1975) formula for the distance between two points on the surface of a spheroid. The 12-hour-ahead landfall errors are computed such that the forecast was made 12 hours before the closest observed point of the hurricane at landfall. The shaded area is the implied cone of uncertainty which is computed so that two-thirds of historical official forecast errors over a five-year sample prior to the strike fall within the area. In panel B, the coloring of arrows is based on the calculated angle of the triangle which is is calculated from the distance between the forecast and the actual (A: shown), the distance between the actual 12-hour prior and the current actual (B) and the distance between the 12-hour prior actual and the forecast (C), where the angle of interest is opposite of C. Green is less than 90 degrees, orange is greater than 90 but less than 135 degrees and red is greater than 135 degrees. This approach is considered to be more accurate than the great-circle distance. 16 The results in section 6 are robust to the inclusion of the a-priori cone of uncertainty (not shown).
12-hour track forecasts and the difference between them for the closest available points to each hurricane strike, where the base of the arrow is the actual hurricane location and the head of the arrow is the projected location. The coloring is based on the size of the angle in terms of where the hurricane is coming from, where it actually is and where it was forecast to be with green indicating a faster than expected hurricane and red a slower than expected hurricane. Overall, there is a greater number of faster than expected hurricanes. 17
Other Variables
While the focus is on the relationship between forecast errors and hurricane damages, other determinants are included; see section 2. We include both variables that have and have not been used in previous analyses. The inclusion of these variables allows us to simultaneously assess the importance of alternative channels while also controlling for important determinants.
The first set of variables is the natural and climate forces category. This includes: maximum sustained wind speed, central pressure, accumulated cyclone energy, maximum rainfall, maximum surge height, maximum hurricane category, global mean surface air temperature, soil moisture, and historical hurricane frequency. Other potentially relevant variables, such as the storm power dissipation index (see Emanuel, 2011) and wetland areas (see Costanza et al., 2008) , are excluded due to data availability. See Appendix Table A.1 for Several fixed effects dummy variables are included to help control for the potentially important concerns. This includes a simple annual linear trend, a time dummy to control for the six-hour period in which a storm makes landfall, a monthly dummy to control for different monthly affects and a state dummy to control for possible differences across U. S. states.
Individual storm dummies are included to assess the stability of the model.
Methods
We generalize the theoretical approach used in Bakkensen and Mendelsohn (2016) and others.
As described in section 2 above, potential hurricane impacts I i,t (i.e. damages) depend on (1) natural/climate forces, (2) socioeconomic vulnerabilities and (3) behavioral responses so a given hurricane impact is determined by some combination of these factors
where V i,t represents a vector of societal vulnerabilities, F i,t is a vector of natural/climate forces, and R i,t represents a vector of behavioral responses for a given storm i at time period t. A simple theoretical approach is to use the Cobb-Douglas form for g () so that
where A is a fixed constant that has no inherent interpretation in the current context. This potential impact function be adapted further given that hurricane damages approximately follow a log-normal distribution; see Willoughby (2012) , Blackwell (2014) and Appendix Figure A.1.
Taking logs of equation (5.2) gives the following log-linear expression
where the coefficients can now be interpreted in percentage terms. Given that the damages approximate a log-normal distribution, it is sufficient to use a standard OLS regression analysis.
Many studies implicitly utilize this theoretical formulation. Emanuel (2005b ), Nordhaus (2010 and Strobl (2011) set γ ≡ 0 and α ≡ 1 to examine the relationship between damages and natural forces. Others implicitly set γ ≡ 0 to investigate the relationship between damages and socioeconomic vulnerability; see Kellenberg and Mobarak (2008) , Bakkensen (2013), Bakkensen and Mendelsohn (2016) and Geiger et al. (2016) .
Our methodological framework is less restrictive. To build a model of hurricane damages, we expand on previous explanations and theory. We use the notion of 'model encompassing' to develop a sufficiently general model that either explains or incorporates previous findings. This approach is broadly defined as a general-to-specific (GETS) modeling framework.
The GETS modeling framework is thoroughly described in Campos et al. (2005) . Recent developments, discussed by Hendry et al. (2008) , Doornik (2009) , Hendry and Doornik (2014) and Hendry and Johansen (2015) , illustrate the usefulness of the GETS framework to a wide class of applications. Given that previous studies focus on individual determinants of damages, the GETS approach is a nice way to simultaneously summarize and extend the literature.
The GETS framework can be described in the current context as follows. First, a general unrestricted model (GUM), which includes all potentially relevant determinants of hurricane damages, is specified. Second, the GUM is simplified so that the final model exhibits minimal information loss based on user-specified target values. Third, the model reduction is done such that multiple paths are followed to limit any path dependency in the process. Finally, the selected model provides a parsimonious explanation of the GUM while also ensuring that it satisfies some basic diagnostic tests. See Doornik (2009) for a detailed description.
When multiple models are retained which satisfy all of these criteria, information criteria are used to select between equally valid models. Alternatively "thick modeling", as proposed by Granger and Jeon (2004) and discussed in the GETS context by Castle (2017) , can be used to pool across models. In either case, the goodness of fit is not considered. These approaches perform best when the GUM is statistically well specified and nests the underlying local data generating process. Thus, formulation of the GUM is an integral part of the process.
The GUM includes all of the major determinants (natural forces, socioeconomic vulnerabilities, behavioral responses, and forecast uncertainties) as well a variety of dummy variables to control for spatial and temporal heterogeneity. As a result, the GUM contains 47 explanatory variables over the full sample of 98 observations: 
Results
This section presents the results and interpretation of the initial analysis where the GUM is estimated and then reduced. Equation (5.4) represents the general formulation of the hurricane damage model that is estimated. The GUM has 48 parameters (i.e. 47 variables plus the variance). The model reduction occurs in such a way that variables are removed up until a predetermined target value, which determines the false-retention rate of variables in expectation.
The target value is typically set based on the number of variables being selected over so that on average a single irrelevant variable is kept in the final model. Given that all variables are selected over, the target value here is set to equal 1 48 ≈ 0.02. We also adjust the target value to ascertain how sensitive the results are to this specification. Table 6 .1 presents the selected models using target values ranging from 1 − 5 percent. Although the selected models are almost identical, that masks a large degree of underlying uncertainty. The uncertainty is illustrated by the number of terminal models for each selected model which range from 12 − 14 and is in large part due to almost perfect collinearity between the population, income and housing variables (see Appendix Figure A. 3). Although each terminal model represents a valid reduction of the GUM based on the target critical value, the final se-lected model is chosen based on the Schwarz information criterion. 22 Thus, the selected models should be viewed as belonging to a sample of potentially valid models. Table 6 .1 shows that hurricane damages are positively associated with housing/population and income as well as with (-) central pressure, rainfall, storm surge, and the 12-hour-ahead track forecast errors. Income per housing unit, minimum central pressure, max rainfall, max storm surge, and the forecast errors are all retained across alternative target values. This indicates that the t-ratios of these variables are so high that they are selected regardless of the target value. The selected models alternate between housing and population density, which is not surprising since they are almost perfectly correlated. However, the parameter estimates for the other variables do not change much across these two specifications.
(1) (2) (3) (4) Notes: All equations are estimated using 98 observations and include a constant and dummy variables for Gerda [1969] and Floyd [1987] . The standard errors are in parentheses. Selection target refers to the target value (target size) at which model selection occurs. The selected models are aligned with the "Final GUM" and the "thick modeling" approach;
see Appendix Interpretation of the coefficients and their significance requires that the underlying assumptions about the model are satisfied. Therefore, it is useful to examine a battery of diagnostic tests. The diagnostic tests shown in Table 6 .1 are: the F AR(2) test for residual autocorrelation (see Godfrey, 1978) , the F ARC H(1) test for time varying variances (see Engle, 1982) , the χ 2 nd (2) test for non-Normality (see Doornik and Hansen, 2008) , the F H et / F H et−X test for residual heteroskedasticity (with and without cross products, see White, 1980) , and the F RESET 23 test for incorrect model specification (see Ramsey, 1969) .
A rejection of the null hypothesis suggests that the assumption associated with that test is invalid. The results of the diagnostic tests indicate the null hypothesis that the model residuals are normally distributed, is rejected at a 5% critical value. There is also evidence of heteroskedasticity in the residuals.
This misspecification can be dealt with by extending the model. First, by allowing for potential outliers which may induce non-normality. Second, adding squares of the explanatory variables can help capture heteroskedasticity in the residuals. Rather than re-selecting the entire model again, it is possible to add onto the current model; see Hendry and Johansen (2015) . The results of (1) from Table 6 .1 is treated as the "baseline" which is embedded within a more general model that includes impulses for every observation and squares of the variables. 24 When model selection occurs, the "baseline" is forced into the GUM so that it is always retained along with any relevant outliers or squared terms. This allows us to assess the robustness of the results while also improving the underlying model. Table 6 .2 presents the results. Column (1) is the "baseline" and is identical to Table 6 .1 column (1). Column (2) is the baseline plus large outliers. Column (3) presents the results for impulse indicator saturation (IIS), whereby a dummy variable is included for every observation, exploiting the software's ability to examine multiple block path searches, and then select; see Hendry et al. (2008) . Column (4) presents selection over the squares of the variables. Column (5) presents the results for when IIS and selection are done simultaneously. In all cases the "baseline" is not selected over and a 1% target value is used. 25
The results in Table 6 .2 present a fairly consistent picture. Even when accounting for outliers, the model parameters remain fairly stable, albeit with a slight downward drift in some of the 23 Results available upon request. 24 We focus here on the model with housing density. However, similar results are obtained for population density. 25 The results for column (4) remain the same even if the selection target is 0.5%.
(1) Base (2) Notes: All equations are estimated using 98 observations and include a constant and dummy variables for Gerda [1969] and Floyd [1987] . The standard errors are in parentheses. The selection target is 1% for columns (2)-(5). All variables are demeaned to facilitate interpretability of the coefficients. Table 6 .2: Robust Models of Hurricane Damages coefficients. The diagnostic tests do not indicate any issues with the model when both the outliers and non-linearity are accounted for in column (5). This is therefore a "robust" model from which it is possible to interpret the estimated parameters. See Appendix C for an in-and out-of-sample assessment of the fit of this model.
Interpreting the model
There are some important differences between the current results and the literature. Unlike previous studies, maximum wind speed never appears in any of the selected models. Furthermore, even when it appears in the Final GUM (see Appendix Table A. 2), its effect is never significant. Instead, minimum central pressure is always selected and is statistically significant. This is consistent with Chavas et al. (2017) who show that central pressure is less susceptible than wind speed to measurement errors and also provides a measure of storm power.
Maximum rainfall and storm surge are informative even when wind speed or central pressure are included. An increase in either rainfall or storm surge is associated with a significant increase in damages. This suggests that models which only include wind speed and / or central pressure could under-predict damages. This finding could benefit future forecasts of hurricane damages given that rainfall forecasts already exist and that the National Hurricane Center recently started publishing storm surge warnings. 26
Natural and climatic forces such as soil moisture and temperature are not selected. This indicates that although they may be informative on their own (see Estrada et al., 2015) , they do not provide additional information above and beyond the other variables in the model. However, we cannot say anything about what might determine pressure, rainfall, or storm surges.
We cannot rule out that these variables are determined (at least in part) by temperature or other climate variables. The results only suggest that damages from the "natural variability" of hurricanes are not driven exclusively by long-run changes in climate. 27
The interplay between housing / population and income is an important driver of damages.
It suggests that cities are particularly vulnerable to hurricanes since they have both a high building density as well as a high income to housing / population ratio. This is not surprising since the most damaging storms have struck large cities. The results in columns (4) and (5) of The main difference between the current and previous results is the inclusion of forecast errors. The 12-hour-ahead track errors are included across each of the selected models in Table   6 .1 and are generally significant for the robust models in Table 6 .2. The positive coefficient implies that an increase (decrease) in the forecast error is associated with higher (lower) damages.
The results indicate that a 1% increase (decrease) in the forecast error is associated with 0.25 − 0.54% increase (decrease) in hurricane damages respectively. Under strong assumptions 28 , the 67 percent improvement in the 12-hour-ahead forecasts since 1955 is associated with a 17 − 36 percent decline in nominal hurricane damages. Thus, there is a channel through which forecast uncertainty is positively associated with hurricane damages.
Identifying the forecast impact channel
We already identified three channels through which forecast uncertainty can operate (see section 3). In order to determine whether forecast uncertainty operates through one of the channels, we need to control for the other two. We want to assess if there is evidence of shortterm adaptation. Thus, it is necessary to account for the natural variability and long-term adaptation channels. However, data limitations require us to examine the channels individually.
First, we focus on the natural variability channel using a sample of hurricanes since 1970. Next, we examine the longer-term adaptation channel using a sample of hurricanes since 1990. Both analyses find that forecast errors remain significant even after accounting for the other channels.
This provides support for the operation of the short-term adaptation channel.
Capturing natural variability
The natural variability channel can be controlled for using the forecast errors from a naïve climatology and persistence model. Since naïve forecasts suffer from the same natural variability as the official forecast, partialing out these errors should remove the natural variability channel from the forecast errors. This effectively becomes a measure of forecast "skill", which is typically used to assess hurricane and weather forecasts; see Cangialosi and Franklin (2016) .
Naïve hurricane forecasts are available from the ATCF database for all hurricanes starting in 1970. Forecast "skill" is constructed by taking the ratio of the naïve forecast errors to official forecast errors in logs. An increase in "skill" is associated with either a decline in the official forecast errors or an increase in the naïve forecast errors. The analysis is also extended to longer-horizon forecasts and across different types of damages. Property damages are computed using damage shares from the Storm Events database. 29 28 i.e. that improvements in forecast errors were completely exogenous and that the relationship between forecast errors and damages conditional on the other variables in the model is linear and stable over time. 29 Shares from the storm events database are applied directly to current damages. This assumes that any undercounting of damages in the storm events database is distributed evenly across damage type. Notes: All equations are estimated using 65 observations and include a constant and a dummy variable for Floyd [1987] . The standard errors are in parentheses. We extend the "baseline" model from section 6 by including the square of income per housing units and the historical frequency of hurricane strikes as a proxy for longer-term adaptation efforts. We focus on how the parameter estimates for forecast errors or forecast "skill" change across horizons and different measures of damages. Table 7 .1 presents the results where columns (1)-(4) look at total damages and columns (5)- (8) are for property damages. In general, there is little distinction between total and property damages. However, the forecast error impact is slightly smaller for property damages.
Longer forecast horizons produce inconclusive results. Although the signs for forecast errors and skill remain consistent across horizons, the longer horizons are not significant. This holds true for the 24-and 48-hour-ahead errors/skill as well (not shown). A possible explanation for this is that the longer-horizon forecast errors are too noisy to identify an impact. 30 The results indicate that the natural variability channel is not the only channel through which forecast errors operate. Short-horizon forecast "skill" is statistically significant for both total and property damages with a negative sign. This implies that a 1% improvement in forecaster skill is associated with a 0.41% reduction in damages. However, there is also a link between forecast uncertainty and rainfall. This may indicate that forecast uncertainty operates through heavier 30 One avenue for future research is to use the short-horizon errors as instruments for the long-horizon errors.
than expected rainfalls and flooding. It is supported by the fact that rainfall forecasts rely on hurricane track forecasts (see Kidder et al., 2005) and that better forecasts can reduce damages from flooding; see Carsell et al. (2004) .
Controlling for longer-term adaptation
Longer-term adaptation efforts can be accounted for using various measures. Section 6 implicitly tested for this using historical hurricane frequency, where locations with a higher historical hurricane frequency are more likely to have implemented longer-term adaptation measures.
While it was not selected in the final model, it was included (and significant) in the "Final GUM"
(see Appendix Table A .2) and could be forced into the "baseline" model. Even after controlling for the natural variability and longer-term adaptation channels, forecast errors still have a significant impact on damages. In the absence of any other channels, this supports the operation of a short-term adaptation channel.
Conclusions
We assess the role that short-term adaptation efforts have played in limiting hurricane damages. In doing so we construct a statistical model of hurricane damages for all hurricanes to strike the continental United States in the past 60 years using a comprehensive set of determi-31 Despite being insignificant, CRS has the opposite sign from what was expected. This may indicate that CRS ratings are not exogenous in that communities that are more impacted by extreme weather events are more likely to take measures to mitigate the losses.
(1) Extended (2) CRS (3) HMGP (4) CRS (5) Naïve (6) Naïve (7) Notes: All equations are estimated using 41 observations and include a constant. The standard errors are in parentheses. The Hetero-X test is excluded due to a lack of observations. Table 7 .2: Identifying the forecast uncertainty impact channel nants previously identified in the literature as well as a handful of new determinants. Simplifying this model in a structured way using a general-to-specific modeling framework which minimizes information loss shows that a small subset of drivers explain much of the variation of hurricane damages. In particular, damages are largely driven by central pressure, rainfall and storm surge as well as through non-linear affects of local income and housing.
We find evidence that short-term forecast uncertainty is associated with hurricane damages.
Broadly speaking, the 67 percent improvement in the 12-hour-ahead forecasts over the past 60 years is associated with a 16 − 63 percent decrease in nominal hurricane damages. Figure 8 .1
illustrates that this range can be broken into two parts. When outliers are not accounted for then estimated impact is higher and statistically significant despite having a larger variation.
Accounting for outliers gives a more reliable range of 16 − 24 percent. However, only the full sample estimate is significantly different from zero.
While forecast uncertainty plays a relatively small role, the improvement in the forecasts has kept damages from rising faster than they otherwise would have. From a policy perspective, even when focusing exclusively on hurricane damages, the results indicate that improvements in hurricane forecasts over the past few decades provided additional benefits beyond the welldocumented reduction in fatalities. The evidence also supports the interpretation that the link between forecast uncertainty and damages is interpretable through the short-term adaptation channel. We find a significant relationship even after controlling for other channels. Overall, this suggests that short-term efforts can result in significant (albeit relatively small) reductions in damages from extreme weather and climate events. Thus, when facing an increasingly volatile climate, there is value in enacting policies that encourage adaptation to change across all horizons. Notes: All equations are estimated using 98 observations and include a constant and dummy variables for Gerda [1969] and Floyd [1987] . Selection target refers to the target value (target size) at which model selection occurs. FGUM is the final selected GUM at a given selection target. Pooled is the average of the coefficient values of the terminal models at a given selection target, where the number of terminal models is in parentheses. Hurricane warnings are a crucial part of the U.S. government's evacuation system. They are coordinated with local authorities and used as a precursor for whether an evacuation order is given. For this reason, hurricane warnings do not always follow the rule that the hurricane force winds will be experienced within the next 24-36 hours but rather take into account how much time a given area would need to be evacuated. Given this close association, hurricane warnings serve as a proxy for hurricane evacuations (although they do not translate directly into evacuation orders).
One might expect that earlier hurricane warnings allow for more preparation and are there- despite the fact that the hurricane warning lead times have increased over the sample, the ratio of the hurricane warning lead time to the area covered under that initial warning has been fairly stable across most hurricanes which illustrates that there is a relationship between the increase in warning lead-time and the area being warned. 32
B.2 Impact Areas
A crucial aspect for any model of hurricane damages is the determination of which geographical locations are actually impacted. Although damages are generally only available at the storm or strike level, most other data used to capture determinants of damages are given at the U.S. county level. Thus, it is important to establish which counties were impacted.
A simple approach is to use direct coastal hurricane strikes. This approach is widely used in the literature, see Jarrell et al. (1992) , but suffers from several drawbacks. In particular, it may under count hurricane damages by excluding inland counties that experienced a direct strike. It also excludes other coastal communities that were indirectly affected by the hurricane through rain, wind or storm surges. Thus, while the approach is used here for simplicity, it likely underestimates the impact of some variables and overestimates the impact of others.
Given the shortcomings of the direct coastal strike approach, there are various methods used in the literature to determine the impact area. A popular approach used by Strobl (2011 ), Deryugina (2017 and others is to simulate wind speeds in surrounding counties using the actual hurricane track and intensity data. While this is a useful approach it also has its own shortcomings. First, it requires a cutoff value for either the wind speeds or the surrounding area. Bakkensen and Larson (2014) choose the five counties around the initial landfall as the cutoff. On the other hand, Strobl (2011) and Deryugina (2017) include all counties that fall within the maximum wind speed radius of the storm. By focusing exclusively on wind speeds, this approach implicitly gives a higher weight to wind damages and may miss other important important drivers of damages.
Another approach is to focus on counties which are declared disaster areas. 33 This approach also has several drawbacks. First, not all hurricanes have counties that are declared disaster areas so it under-counts the impact of smaller hurricanes. Second, disaster declarations are a political decision that can result in significant differences over time and across U.S. states.
Finally, in some cases disaster declarations for larger storms are made in advance of the actual storm and so may over count the actual impact of the hurricane. Figure B .2 illustrates the differences between direct hurricane county strikes versus disaster declarations.
A better approach would be to determine areas based on actual damages. However, damages are typically only available for the storm rather than at the state or county level. Furthermore, sources that do collect storm damages at the county level (i.e. the Storm Events database), tend to severely underestimate damages. One way around this is to assume that any under-reporting is random so that the approximate impact shares per county are unaffected. This may give more precise measurements of the impact area and would also allow for the analysis to be done at the county rather than the storm or strike level. 34
B.3 Soil Moisture
Model-based estimates of monthly average soil moisture from 1948-2017 using methods devised by van den Dool et al. (2003) were collected from NOAA's Earth System Research Laboratory. The data was linked to counties through the nearest grid point to a given county's 33 See the U.S. Federal Emergency Management Agency's website on disaster declarations for a list of disaster counties from each hurricane. 34 Note that some studies, notably Strobl (2011) , have conducted their analysis at the census tract level. However, they first determine a relationship between wind speed and damages at the storm level and use these estimates to conduct their analysis at a more dis-aggregated level. 
B.4 Historical Frequency
The historical frequency of hurricane strikes is computed by taking historical hurricane strikes at the county level since 1900. The expected number of hurricanes in a given year and county is computed over time by taking the number of hurricane strikes that have occurred in a county since 1900 and then dividing that by the number of years that have passed since 1900. The historical frequencies for a given storm are then computed by taking a simple average of the historical frequencies for all counties that were struck by the storm. An alternative measure of historical frequency is computed by calculating the number of months since the last hurricane strike in a given county over time. This is then averaged across all countries that were struck by a hurricane to get a storm level frequency.
B.5 Temperature
Sea surface air temperature is computed following Estrada et al. (2015) . The data was collected from NASA's global mean surface temperature index based on land-surface air temperature anomalies. The monthly series is then smoothed using an HP filter where the smoothing parameter is set to 129,600 following the results of Ravn and Uhlig (2002) for monthly data. The choice of this parameter does not have a large impact on the results. The smoothed series is then paired with the particular month that the hurricane struck. The choice of contemporaneous or lagged month does not affect the results.
B.6 Rainfall
Maximum rainfall is available from NOAA's weather prediction center for all tropical cyclones. The values chosen are the highest rainfall values for a given hurricane in inches. When a given hurricane struck multiple areas, the highest amount of rainfall was chosen based on the location surrounding that landfall.
B.7 Storm Surge
Storm surge was collected from historical tropical cyclone and seasonal reports. Storm surge is generally based on the highest estimated surge for a given storm. While every attempt was made to standardize measures across storms, varying definitions are used. These include number of feet above the mean sea level or above high tide. Wherever possible mean sea level was used.
However in some cases it was not available. Furthermore, some observations rely on estimates from a storm surge model due to the perceived unreliability of observations.
C Assessing Model Fit
One way to assess a model is by looking at the goodness of fit. The R 2 suggests that the baseline model in column (1) of Table 6 .2 captures about 82 percent of the variation in damages, whereas the robust model in column (4) captures about 94 percent of the variation. Another way to assess the model is to see how well it does in an in-sample model comparison exercise. One way to do this is to perform a model encompassing test; see Chong and Hendry (1986) and Mizon and Richard (1986) . A common variant of this approach is to estimate a simple regression model where hurricane damages are explained using fitted values from each model. Encompassing tests are performed by testing restrictions on the parameters.
For this exercise the "baseline" model and the "robust" model from columns (1) and (4) of Table 6 .2 respectively are considered. Two additional models are included for comparison. The first is a quasi-replication of the model proposed by Bakkensen and Mendelsohn (2016) (hereafter "BMP"), which includes income per capita, population density, minimum central pressure, historical hurricane frequency and state level controls. 35 The second is a replication of the approach used in Nordhaus (2010) and Strobl (2011) (hereafter "NSW") where the coefficient on income is set to 1 while estimating the relationship with maximum wind speed.
The estimation results for the sample from 1955-2015 are as follows: Table 6 .2. In other words, the information contained within the "robust" model sufficiently explains all of the changes captured by other models. This is not surprising since model encompassing forms the backbone of the GETS approach.
It is also useful to compare model performance in an out-of-sample forecasting exercise.
Extending the sample through 2016 gives two additional hurricanes that can be used in this exercise: Hermine [2016] and Matthew [2016] . They provide a useful test of the models since Hermine caused relatively little damage ($550 million) while Matthew was highly destructive ($10 billion). The models are estimated over the sample 1955 − 2015. The parameter estimates are used, ignoring any uncertainty, to "predict" damage from the 2016 hurricanes based. The results illustrate that the "robust" model forecast is neither the worst nor the best forecast.
The "baseline" model performs best for Hermine followed closely by the "robust" model. The "NSW" model does best for Matthew (despite a massive over-prediction for Hermine) followed in a distant second by the "robust" model. The "robust" model is therefore less susceptible to whether the hurricane is a low or high damaging storm. "NSW" maintains its dominance when averaging between the two hurricanes due to massive forecast failure for Matthew [2016] . 36 This indicates that the aggregate models do not perform very well for storms, such as Matthew [2016] , whose damages were spread across a wide geographic area. It also suggests that the length of coastline affected could be a useful addition to the model.
36 Some of this failure may be due to the fact that the reported damage value from the Tropical Cyclone report for Hurricane Matthew was taken from the Billion Dollar events database. Given that the damage estimates used are on average about 4% lower than those of the Billion Dollar events database then this may account for some of the error. However, it does not count for all the error since the reported damages from the Storm Events database for Hurricane Matthew are approximately $4 billion. Note also that the "NSW" model does even better when central pressure is included instead of wind speed.
